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Abstract. Brain functional connectivity (FC) derived from restingstate functional MRI (rs-fMRI) data has become a powerful approach to
measure and map brain activity. Using fMRI data, graph convolutional
network (GCN) has recently shown its superiority in learning discriminative representations of brain FC networks. However, existing studies
typically utilize one speciﬁc template to partition the brain into multiple regions-of-interest (ROIs) for constructing FCs, which may limit the
analysis to a single spatial scale (i.e., a ﬁxed graph) determined by the
template. Also, previous methods usually ignore the underlying highorder (e.g., triplet) association among subjects. To this end, we propose
a multi-scale triplet graph convolutional network (MTGCN) for brain
functional connectivity analysis with rs-fMRI data. Speciﬁcally, we ﬁrst
employ multi-scale templates for coarse-to-ﬁne ROI parcellation to construct multi-scale FCs for each subject. We then develop a triplet GCN
(TGCN) model to learn multi-scale graph representations of brain FC
networks, followed by a weighted fusion scheme for classiﬁcation. Experimental results on 1,218 subjects suggest the eﬃcacy or our method.

1

Introduction

Resting-state functional magnetic resonance imaging (fMRI) provides a powerful
tool for capturing brain functional connectivity even between spatially-remote
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Fig. 1. Illustration of our Multi-scale Triplet Graph Convolutional Network (MTGCN).
Multiple templates are used for coarse-to-ﬁne parcellation of brain regions and construction of functional connectivity matrices/graphs. Each triplet GCN (TGCN) inputs a
triplet of three graphs (e.g., X1a , X1p , and X1n ) with the same architecture but diﬀerent
signals, and outputs similarity among the triplet. A weighted fusion scheme is used to
combine estimated labels generated from multi-scale TGCNs for classiﬁcation.

brain regions. Recent studies have shown that fMRI-based analysis of brain connectivity is eﬀective in helping understand the pathology of brain diseases, such
as autism spectrum disorder (ASD) and attention-deﬁcit/hyperactivity disorder (ADHD) [1,2]. Since functional disorder (e.g., abnormality or dysfunction
between multiple regions) of brain networks has been found in these diseases [3],
many studies have focused on using fMRI-based brain connectivity networks
to explore potential disorder patterns of brain diseases characterized between
patients and healthy controls (HCs). In fMRI-based studies, each brain can be
represented as an undirected or directed graph/network containing functionally
interconnected regions-of-interests (ROIs), with each ROI treated as a vertex.
Convolutional neural networks (CNNs) have shown their superiority in analyzing functional connectivity (FC) networks [4], but ignoring the important
topology information. Graph convolutional neural networks (GCNs) integrate
graph convolutional layers to explicitly capture topological information, which
can learn useful representations of brain FC networks for brain disease classiﬁcation [5]. However, existing GCN-based methods usually use one speciﬁc template
for brain ROI parcellation, which limits the analysis to a single spatial scale
(i.e., a ﬁxed graph) determined by the template. Also, previous studies simply
model the pairwise relationship between graphs/subjects, without considering
the triplet similarity among subjects.
To address these issues, we propose a multi-scale triplet graph convolutional
network (MTGCN) for brain functional connectivity analysis with rs-fMRI data,
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as illustrated in Fig. 1. Speciﬁcally, we ﬁrst apply multi-scale templates to each
subject for generating multi-scale FC networks under diﬀerent spatial scales and
ROI deﬁnitions. We then develop a triplet GCN (TGCN) model to automatically
extract multi-scale graph representations of brain FC networks, incorporated by
the triplet similarity among subjects (e.g., X1a , X1p , and X1n ). A weighted fusion
scheme is ﬁnally used to combine estimated labels generated from multi-scale
TGCNs for brain disease classiﬁcation. Experiments results on 1,218 subjects
from two real datasets demonstrate the eﬀectiveness of our MTGCN method in
ASD and Adult ADHD identiﬁcation, compared with state-of-the-art methods.

2

Method

Multi-scale FC Network: To overcome the spatial limitation of using only a
single template for ROI parcellation and FC construction, we employ T (T ≥ 2)
templates (with coarse-to-ﬁne ROI deﬁnitions) to generate multi-scale FC networks for each subject. Given a speciﬁc template, one can construct a graph (i.e.,
FC matrix) for each subject, where each node represents an ROI, and the connectivity between a pair of ROIs is represented by the Pearson correlation of their
mean time series signals. That is, a fully-connected graph can be constructed for
each subject, with each vertex connected with all the other vertices.
In this work, we would like to employ spectral GCN for analyzing brain
function connectivity. Graph convolution is a type of Laplacian smoothing that
computes the new features of a vertex as the weighted average of itself and its
neighbors [6]. Using fully-connected network as graph topology, the smoothing
operation will make features of those ‘connected’ vertices similar, thus failing
to capture the node-centralized local topology via spectral GCNs. Therefore, we
propose to construct a KNN graph (other than a fully-connected graph), by connecting each vertex with its k-nearest neighbors to model the node-centralized
local topology. Also, we aim to capture shared graph topology among all studied
subjects, and thus need to construct a KNN graph at the group-level (rather than
subject-level). Speciﬁcally, we ﬁrst calculate the mean FC matrix of all training
subjects in a template space, and then construct a KNN graph by connecting
each vertex with its k-nearest neighbors (measured by the Pearson correlation).
Hence, the graph topology (reﬂected by vertices and their connectivity) of such
a group-level KNN graph is shared by all subjects. For a subject, the signal of
each vertex in a KNN graph is represented by an n-dimensional vector (i.e., the
Pearson correlations between this vertex and all the other ones) corresponding
to the n-th row of FC matrix, and n is the number of vertices/ROIs deﬁned by
the template. Hence, we can represent each subject by both its graph topology
and vertex features/signals in speciﬁc template space. Given T templates, we
can generate T KNN graphs, with each graph denoting the group-level topology
of FC networks at a speciﬁc spatial scale.
Triplet GCN: Graph convolutional network (GCN) generalizes traditional convolutional neural network from Euclidean data (e.g., 2D or 3D images) to the
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non-Euclidean domain (e.g., graphs and manifolds), and has been emerging as
a promising method for graph mining [7]. Denote a graph as X = (V, E), where
V is the set of vertices and E is the set of edges. Also, an adjacency matrix
A = [aij ] ∈ Rn×n encodes the connectivity among vertices, with the element
aij indicating whether the i -th and j -th vertices are connected (aij = 1) or not
(aij =0). Denote D = diag(d1 , d2 , · · · , dn ) as a degree matrix, with each element
di = j aij denoting the number of edges connected to the i -th vertex. Spectral
GCN deﬁnes the convolution by decomposing a graph signal s ∈ Rn (deﬁned on
the vertex of graph X) in the spectral domain. Then the signal s will be processed
by a spectral ﬁlter δθ with the ﬁrst order polynomial of ChebyNet [8], instead of
explicitly computing the Laplacian eigenvectors. To reduce the number of parameters (i.e., θ0 and θ1 ), the spectral GCN model assumes that θ = θ0 = −θ1 , and
the graph convolution is correspondingly deﬁned as:
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where I ∈ Rn×n is an identity matrix. With each convolution deﬁned in Eq. 1
followed by a non-linear activation function (i.e., ReLU), one can generate a
simple and ﬂexible spectral GCN by stacking multiple convolutional layers.
Recently, a method based on spectral GCN has been applied to analyze brain
FC network for ASD classiﬁcation, in which two GCN models were constructed
to measure the similarity between paired graphs [5]. However, this method only
models the pairwise relationship of graphs, ignoring the high-order (e.g., triplet)
association among graphs/subjects. To mine the potential high-order similarity
between inter-class and intra-class subjects, we develop a triplet GCN (TGCN)
module containing 3 parallel subnetworks (with 3 graph convolutional layers),
and these subnetworks share the same network parameters. As shown in Fig. 1,
the input of the t-th TGCN module is a triplet {Xta , Xtp , Xtn } containing an
anchor subject Xta , a positive sample Xp , and a negative sample Xtn , where Xta
and Xtp are samples from the same category and Xtn is selected from a diﬀerent
category. Note that samples in each triplet share the same graph architecture
but represented by diﬀerent vertex signals. Using TGCN, we encourage that the
learned graph representations of the anchor and positive samples belonging to
the same class (e.g., ASD patient) are similar, while representations of the anchor
and negative samples belonging to a diﬀerent category (e.g., HC) are dissimilar.
The loss function to train the t-th TGCN module is deﬁned as
Lt =

M
m=1



t
t
2
t
t
2
 gt (Xa,m ) − gt (Xp,m ) 2 −  gt (Xa,m ) − gt (Xn,m ) 2 +λtrp

+

(2)

where M is the number of input triplets, [·]+ = max (s, 0), gt (·) denotes the
embedding generated by the t-th TGCN module, and the margin λtrp is used
to enforce the distance between the anchor and negative samples. The output
of TGCN is the similarity of the anchor Xa belonging to a speciﬁc category.
Given T templates, a multi-scale network containing T TGCN modules can be
obtained (see Fig. 1), with each one corresponding to a speciﬁc template.
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Weighted Fusion: With a single-scale TGCN based on a speciﬁc template, we
can measure the triplet similarity between an anchor sample and two samples
from two diﬀerent categories. In this work, we hypothesize that similar subjects
tend to remain similar in multi-scale template spaces. With this assumption, the
outputs of T TGCN modules are fused via a weighted fusion strategy as follows:
LF usion =

T
t=1

γt Lt

(3)

T
where γt = ωt / t=1 ωt represents the weight of the t-th TGCN module, and ωt
is the classiﬁcation accuracy achieved by the t-th TGCN on the training data.
Implementation: In the training stage, for each training subject (anchor) Xa ,
we randomly select a pair of positive and negative subjects from training set
to generate a triplet set {Xa,q , Xp,q , Xn,q }Q
q=1 . Due to limited training subjects,
such random selection process is repeated Q = 25 to augment samples. In the
testing stage, for a testing subject (anchor), we ﬁrst randomly select 5 pairs of
positive and negative subjects from training set [9], yielding 5 triplets as the
input of MTGCN. The prediction results of these 5 triplets are ensembled to get
a ﬁnal label for the testing subject. Such process is used to suppress the bias
introduced by random selection of positive and negative training subjects.

3

Experiment and Results

Subjects and Image Pre-processing: Two datasets with resting-state fMRI
data are used for performance evaluation in this work. The ﬁrst one is an Autism
dataset with 485 ASD patients and 544 healthy controls (HCs) from 34 imaging
sites in ABIDE-I and ABIDE-II, with considerable data distribution diversity.
The largest site contains 101 subjects, while the smallest one only has 11 subjects. Another is an Attention Hyperactivity Deﬁcit Disorder (ADHD) dataset,
containing 112 ADHD patients and 77 age-matched HCs recruited from the Sixth
Hospital of Peking University (PKU6).
Each fMRI scan was pre-processed using the Data Processing Assistant for
Resting-State fMRI (DPARSFA). The processing pipeline is as follows: (1) discarding the ﬁrst ten volumes, (2) slice timing correction, (3) head motion correction, (4) normalization with an EPI template in the MNI space, resampling
to 3 × 3 × 3 mm3 resolution, (5) spatial smoothing using a 4 mm full width half
maximum Gaussian kernel, (6) linear detrend and temporal band-pass ﬁltering
(0.01 Hz–0.1 Hz), (7) regression out nuisance signals of head motion parameters, white matter, cerebrospinal ﬂuid (CSF), and global signals. The registered
fMRI volumes were partitioned into ROIs according to diﬀerent templates. For
the Autism dataset, we use preprocessed data, i.e., FC networks constructed
on T = 3 predeﬁned templates, including Bootstrap Analysis of Stable Cluster
parcellation with 122 ROIs (BASC122) and 197 ROIs (BASC197), and Power
Template with 264 ROIs (Power264). For the ADHD dataset, we preprocessed
the fMRI time series data using T = 2 templates, i.e., Automated Anatomical
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Fig. 2. Results achieved by diﬀerent methods in (a) Adult ADHD vs. HC classiﬁcation
and (b) ASD vs. HC classiﬁcation.

Labelling (AAL) with 116 ROIs and Brainnetome template (Brainnetome) with
273 ROIs, aiming to partition the brain in a coarse-to-ﬁne manner. In each template space, we extracted the mean time series within each ROI to construct the
original FC network/matrix for each subject, and the connectivity was represented by the Pearson correlation coeﬃcient between pairs of ROI-based time
series (normalized to z score using Fisher transformation). Then, the constructed
FC matrix was used for the construction of multi-scale KNN graphs in MTGCN.
Experimental Setting: Two classiﬁcation tasks are performed in the experiments, i.e., (1) ASD vs. HC classiﬁcation and (2) Adult ADHD vs. HC classiﬁcation. We use 60% of the data for training, 10% for validation, and the remaining
30% for testing, and such process is repeated 5 times. Three evaluation metrics are used, including classiﬁcation accuracy, sensitivity, and speciﬁcity. We
ﬁrst compare MTGCN with 2 baseline methods and their multi-template variants, i.e., (1) single-template Principal Component Analysis (PCA) with a random forest classiﬁer; (2) single-template clustering coeﬃcient (CC) with RF as
the classiﬁer; (3) multi-template PCA (MPCA); and (4) multi-template CC
(MCC). In PCA, PCA is used for dimension reduction based on the original
FC matrix of each subject in a template space, where the number of components
is chosen from 3 to 50, with the step size of 1 via two-fold inner CV. In CC,
CC features measure the clustering degree of each node in a graph/matrix in a
template space. The number of trees in RF is chosen from [50, 200] (step size:
10), and the depth of each tree is selected from [1, 6] (step size: 1).
We further compare MTGCN with two state-of-the-art methods, i.e., (1)
CNN with our proposed triplet representation learning strategy (TCNN), and
(2) Siamese GCN (SGCN) [5]. To validate our multi-scale learning strategy, we
further compare MTGCN with its single-scale variant (TGCN) using one template. Similar to MTGCN, TCNN inputs the original FC matrix of each subject
and aims to learn graph embeddings by measuring the similarity among three
subjects, and the network contains 3 convolutional layers and two fully connected
layers. These 3 convolutional layers in TCNN have 4, 8, and 8 channels, and the
corresponding kernels have the sizes of 5 × 5, 4 × 4, and 3 × 3, respectively. The
SGCN method [5] can learn graph representations of brain FC networks. For a
fair comparison, both SGCN and TGCN methods share the same GCN architec-
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Fig. 3. Inﬂuence of templates on the performance of our MTGCN method in (a) Adult
ADHD vs. HC classiﬁcation and (b) ASD vs. HC classiﬁcation. The symbol & represents template combination. B122: BASC122; B197: BASC197; P264: Power264.

ture as MTGCN. Such process is used to suppress the bias introduced by random
selection of positive and negative subjects. In MTGCN and TGCN, the k value
is chosen from [5, 30] with the step size of 5 for KNN graph construction, and the
parameter λtrp in Eq. (2) is set as 5 empirically. Four deep methods (i.e., TCNN,
SGCN, TGCN and MTGCN) are optimized using the ADAM algorithm (learning rate: 0.001; epoch: 100; mini-batch size: 50). Since ﬁve competing methods
(i.e., PCA, CC, TCNN, SGCN, and TGCN) can use only one template, we perform template selection on the validation data. For MPCA and MCC, the same
multiple templates are used as those in our MTGCN method.
Results: The disease classiﬁcation results are reported in Fig. 2. From Fig. 2,
one can ﬁnd several interesting observations. First, four deep learning methods,
i.e., TCNN, SGCN, TGCN and MTGCN that learn task-oriented features of FC
networks, consistently achieve better performance than four methods (i.e., PCA,
CC, MPCA and MCC) using handcrafted features. Second, GCN methods (i.e.,
SGCN, TGCN, and MTGCN) that explicitly model graph topology generally
outperform the TCNN method, suggesting the usefulness of mining graph topology of FC networks to boost the classiﬁcation performance. Besides, compared
with SGCN based on the pairwise relationship among subjects, our MTGCN
method that models the triplet relationship achieves at least 5% improvement
(w.r.t., accuracy) in both datasets. It implies that modeling the high-order (e.g.,
triplet) relationship among subjects boosts the classiﬁcation results. Furthermore, MTGCN usually yields better performance than its single-template variant (i.e., TGCN), while MPCA and MCC using multiple templates outperforms
their single-template versions (i.e., PCA and CC). This implies that the eﬃcacy
of our multi-scale learning strategy using multiple templates for ROI partition.
Discussion: We further analyze the eﬀect of diﬀerent templates and template
combinations used in MTGCN, with results shown in Fig. 3. The Adult ADHD
dataset has two templates and 3 combinations, while the Autism dataset has
3 templates and 7 template combinations. Figure 3 suggests that using multiscale templates in MTGCN usually yields better performance, compared with
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Fig. 4. Inﬂuence of the parameter k for constructing KNN graphs on the performance
of MTGCN in (a) Adult ADHD vs. HC classiﬁcation and (b) ASD vs. HC classiﬁcation.

that using a single template. We further analyze the inﬂuence of k in KNN
graph construction in MTGCN, with results given in Fig. 4. Figure 4 suggests
that MTGCN can achieve good results in both datasets when the value of k is
within the range [15, 35], and using larger k values (e.g., >45) in MTGCN will
degrade the performance. The possible reason is that MTGCN cannot focus on
the node-centralized local topology when using a too large value of k. As the
future work, we plan to use uniﬁed templates on these 2 datasets for further
analysis.

4

Conclusion

We proposed a multi-scale triplet graph convolutional network (MTGCN) for
fMRI-based brain disease diagnosis. We ﬁrst constructed multi-scale functional
connectivity networks for each subject based on multiple templates (with different ROI partitions). We then designed a multi-scale triplet GCN (TGCN)
model to learn graph representation for each subject, followed by a weighted
fusion strategy to fuse the outputs of multiple TGCNs for classiﬁcation. Experimental results on two real fMRI datasets suggest the eﬃcacy of MTGCN.
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